R USER CONFERENCE IN
KOREA 2019 GO TO

COMMUNITY!

Bm102 2528 (8) mpet=z00|a=zATE(HAO|EREH 1158)

St RAFE X} 7 L E| (R Korea)



EM 7 Softlmpute dIE[E5= &

| 2ro|
23t XHUAN|E XL Az

MEGAZONE CLOUD

Data Service Center = .
0|8 ﬁ
N
@
2019.10.25
~N, -




SoftImpute
Factorization Machine

DeepFM(Amazon Perso i




Matrix Completion
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Problem setting

MO = (Moiij)i:l,___,’n,j=1,...,d
BHEE 2
M= (MO,ij)i=1,___’n,j:1,___,d

with Mj; = y;;(Mo; + €;5)
where y;; = 1if observed
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Low-rank matrix
Not fully observed
Sparse data

Error contaminated
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Algorithm

1. Initial value Z,4 = 0.

2. Calculate A = P o(M)+Pn1(Z,4) which admits the following
singular value decomposition

min(n,d)

Z d; UV
=0

where d; is the i th largest singular value for A and U; and V;

are the corresponding left and right singular vectors, respe
ctively.

3. Calculate Z,q,, = Zm(m)(d - D +UuV
l1Zold -Znew 112

TZold 1z < & thenexit.
b. Otherwise, Zold = Znew . Then go to step 1.
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Softimpute
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Singular Value Decomposition(SVD) Alternating Least Squares(ALS)

HIE2 X qyp A AHS =250 Alternating Ridge regression
Matrix Completion =2 at each stage filling in the missing
Mazumder et al (2010) entries with the latest estimates.
Sd 5d [1]

[1] 4.752691 2.056353 4.853467 2.041956

29 : 0bj 0.0077 ratio 9.168035e-06 24 : 0obj 0.00774 ratio 8.803524e-06



http://web.stanford.edu/~hastie/Papers/mazumder10a.pdf

Softimpute - ALS

Relative Objective (log scale)
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Softimpute - ALS
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Movielens Exercise
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Full dat:
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Data after standard scaling
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- Convex relaxation

Median Income
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Movielens Example

Ct23| userld 2F movield2HE 7HX| 11 Factorizaiton MachineS &5 A|Z1 A1t

test:absolute_loss, test:mse, test:rmse, train:absolute_loss, train:absolute_loss:batch, train:absolute_loss:e... #'
S EEEEEEEEEEEEEEEEEENEEN)y
R %
1- |5 3-8 E 1-9 . 0186 O 83
@ test:absolute_loss @ test:mse E @ test:rmse . @ train:absolute_loss @ train:absolute_loss:batch
* L4
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086 1.16 1.06 1.16 55.6

@ train:absolute_loss:epoch train:mse @ train:mse:batch train-mse:epoch train:progress
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